Ambient air pollution is recognized as an important health problem in the United States and around the world (1) . Motor vehicles are a major source of ambient air pollution in the United States. Although progress has been made in reducing emissions from individual vehicles, the numbers of vehicles and miles traveled in the United States have grown substantially in the past 15 years (2) . Expansion of metropolitan areas (urban sprawl) has increased the travel distances between residential and commercial sites, and the automobile is the primary means of travel. This growth and change in land use has increased the relative contribution of traffic to the urban pollution mixture. Epidemiologic analyses suggest that prenatal exposure to traffic-related air pollutants may be associated with a variety of health effects, including adverse birth outcomes. Traffic-related air pollution has been associated with intrauterine mortality (3), low birth weight (LBW) (4, 5) , preterm birth (6), small size for gestational age (7, 8) , neonatal mortality (9) , and postnatal mortality (10, 11) . However, there is insufficient evidence to conclude that the relation between traffic exposure and birth outcomes is causal (2) . Three general issues may be partly responsible for some of the inconsistency in the findings: 1) definition of the birth outcome, 2) exposure assignment, and 3) statistical methods.
Many studies have investigated multiple birth outcomes without clear specification of a hypothesis related to a single adverse birth outcome. LBW is classified as birth weight less than 2,500 g. In 2006, 8.3% of infants in the United States were born LBW (12) , as compared with 6.7% in 1984 (13) . The highest prevalence of LBW is reported for African Americans (11.9%) (12) . Most LBW infants are preterm (i.e., born before 37 weeks' gestation). "Term LBW" pertains to infants who weigh less than 2,500 g and are born at or after 37 weeks' gestation, as determined from the last menstrual period, and accounts for approximately 2% of all births. These LBW births often occur because of impaired fetal growth rather than prematurity, thereby suggesting that the causal mechanisms are different.
Previous studies on maternal smoking and LBW suggest that air pollution exposure could potentially affect fetal growth and provide a framework for a potential mechanism of action (14, 15) . Therefore, in this study, we evaluated term LBW as a marker of fetal growth separate from the influence of length of gestation. Restriction to full-term infants, in this case, allowed for investigation of a more specific research question.
In most epidemiologic analyses, estimated associations from previous studies have been derived from traditional parametric regression methods, which are unable to return the most relevant parameter estimates for understanding the public health impact and, more importantly, are based on arbitrary modeling assumptions and thus may result in biased estimates. We undertook the present study to address 3 limitations of earlier studies with a specific hypothesized birth outcome, high-quality exposure information, and statistical methods that a priori estimate marginal measures of association. This results in parameter estimates with greater public health interpretation, while mitigating the bias from model misspecification as much as possible. This paper provides an illustration of how to use targeted maximum likelihood estimation (T-MLE), and it does so data-adaptively using flexible machine learning algorithms.
MATERIALS AND METHODS

Study population
The Study of Air Pollution, Genetics and Early Life Events (SAGE) was designed to investigate the influence of exposure to traffic-related air pollution on pregnancy and birth outcomes. Birth certificates from all 2000-2006 births to women living in the 4 most populated counties in the San Joaquin Valley of California (Fresno, Kern, Stanislaus, and San Joaquin) were obtained from the California Department of Health Services (Sacramento, California).
This analysis was limited to full-term singleton births, for numerous reasons. We defined LBW as birth weight less than 2,500 g and term birth as birth at ≥37 weeks' gestation. There were a number of exclusions used to isolate term LBW as the outcome and to exclude other adverse birth outcomes. Infants with gestational lengths greater than 44 weeks were excluded because of concerns about data quality regarding reports of the last menstrual period. Infants with birth weights less than 500 g or more than 5,000 g were also excluded because of the likelihood of complications such as birth defects or maternal diabetes, as well as data quality issues related to the validity of the weight measurement. Finally, mothers with pregnancy complications such as hypertension, diabetes, or uterine bleeding, as reported on the birth certificate, were excluded based on the assumption that the potential impact of traffic exposure would be far outweighed by the influence of these maternal conditions (4) .
The maternal residence locations were geocoded with ArcGIS software (ESRI, Redlands, California). Addresses were corrected with ZP4 software (Semaphore Corporation, Aptos, California) in ArcView and SAS, version 9.2 (SAS Institute Inc., Cary, North Carolina). The exposure metric was an indicator of traffic density, calculated from the distance-decayed annual average daily traffic volumes (16) surrounding the geocoded maternal residences. Roadway link-based traffic volumes were derived from Tele-Atlas/ Geographic Data Technology traffic-count data for 2005, using methods similar to those of other health-effects studies (16) . Further details about exposure assessment are presented in Web Appendix 1, which is available on the Journal's website (http://aje.oxfordjournals.org/). We split the traffic density indicator into quartiles to characterize the relation across the exposure distribution. For example, the lowest quartile of traffic density represents locations surrounded by small local roads, and the highest quartile is characterized by locations near freeways.
The variables entered into this analysis include: maternal age (<20, 20-35, or >35 years), maternal race (white, Hispanic, African-American, Asian, or other), maternal education (no high school, some high school, some college, or bachelor's or other degree), parity (0 or ≥1), prenatal care (initiation in the first, second, or third trimester), Medi-Cal payment of birth expenses, infant sex, year of birth (2000) (2001) (2002) (2003) (2004) (2005) (2006) , and maternal county of residence (Fresno, Kern, Stanislaus, or San Joaquin). Data on these variables were obtained from the birth certificates.
Low socioeconomic status (SES), such as poverty and unemployment, has been associated with adverse birth outcomes (17) . Furthermore, SES has been identified as an effect modifier in the relation between air pollution and adverse birth outcomes (18) (19) (20) (21) . Based on measures implemented in the study by Ponce et al. (21) , we created an indicator variable for low SES that was defined as unemployment greater than 10%, more than 15% of households receiving public assistance, and more than 20% of families living below the federal poverty line at the blockgroup level in the 2000 US Census (21, 22) . This variable may not pertain directly to any individual but is meant to provide contextual information about the neighborhoods in which the SAGE study population lived. This research was approved by the University of California, Berkeley, Office for Protection of Human Subjects and the California State Committee for the Protection of Human Subjects.
Statistical analysis
T-MLE provides a marginal ( population-level) estimate and a parameter of interest with a straightforward interpretation (risk difference). It can also be applied to estimating a parameter akin to a causal attributable risk (see literature on the population intervention models (17, 23) ). The parameter of interest is defined as a data-generating distribution on potential outcomes relative to potential interventions (24) ; the potential outcomes have been referred to as counterfactuals, and we refer the reader to the literature for a more thorough discussion of counterfactuals (25) . Briefly, counterfactuals are the set of possible outcomes that would be observed under each possible treatment if, contrary to fact, each person could be observed after exposure to each level of the treatment (i.e., traffic density).
Our goal was to estimate, at the population level, the predicted probability of term LBW had everyone been exposed to each quartile of traffic density. Further details on the statistical methods used are available in Web Appendix 2. In short (under assumptions), the predicted probability of term LBW can be written as
where Y a is the counterfactual outcome had everyone received the exposure A = a, Y is the outcome in the observed data (LBW), A is (quartile of ) traffic density exposure during pregnancy, W is the vector of potential confounders, and E w is the expectation taken over all covariate patternsthat is, the predicted probability of the outcome weighted by the distribution of covariates. This equality is based on the relevant identifiability assumptions (26) .
T-MLE consists of 2 modeling steps. The first step is an initial model of the regression Q 0 n ðA; WÞ ;ÊðYjA; WÞ. The second step is an augmentation of the initial fit to (heuristically) account for any residual confounding due to the model selection inherent in the machine learning algorithm used to estimate Q n 0 , which can be achieved simply in this case by adding a "special covariate." This covariate is a function of the estimated probability of receiving the exposure of interest conditional on the covariates, or specifically
where g(a|W) = P(A = a|W), Q n 0 (A,W) is the initial fit of the regression, I(A = a) is the indicator function (1 if A = a, 0 otherwise), ε n is an estimated coefficient, and the n subscript means "estimated from the data." Thus, to obtain the "optimal" model of the mean of the outcome given the exposure of interest and confounders, one 1) obtains the initial fit of the regression, 2) estimates g via an additional regression, g(a|W) = P(A = a|W), and 3) using the initial fit as an offset as shown, regresses the outcome against the covariate, I(A = a)/g n (a|W), by means of logistic regression. Because we wanted to avoid arbitrary modeling assumptions, both the Q model and the g model were fitted using the deletion/substitution/addition (D/S/A) algorithm. The D/S/A algorithm combines a flexible and aggressive dataadaptive search with V-fold cross-validation (27) and polynomial basis functions, as well as their tensor products. Finally, we applied T-MLE to estimate a parameter akin to attributable risk (17, 28) to measure the impact of a hypothetical intervention that would change the exposure in the population. In our case, there is no model for the parameter because we are only interested in one comparison with the population mean. This method can be generalized to other situations where one would want to know the difference in mean changes as the level of the intervention changes. Specifically, we estimated the difference in the mean outcome in a population under 1 treatment-specific counterfactual relative to the mean outcome actually observed in the population:
This is simply estimated, given our final model for E(Y|A, W), and using the empirical distribution to estimate the distribution of W as
This method accounts not only for the strength of the association between the exposure and the outcome but also for the distribution of the exposure and covariates which actually exist in the study population (E(Y)) and the nonparametric estimation of the parameter of interest (E w (Y|A = a,W)) (17) . Given that the T-MLE estimate is derived to be asymptotically linear with the efficient influence curve for a parameter in a semiparametric model, we derive a robust standard error by simply obtaining the sample variance of the plug-in influence curve. For comparison purposes, we performed a traditional logistic regression analysis with quartiles of exposure to traffic density (with the first quartile as the reference category) and included all of the same covariates.
Analyses were performed using R software, version 2.10.1 (DSA package, version 3.1.1; R Foundation for Statistical Computing, Vienna, Austria) and SAS, version 9.2. The R code can be found in Web Appendix 3.
RESULTS
Of the 329,362 births that took place in the San Joaquin Valley during 2000-2006, the SAGE study population was restricted to singleton births (8,387 multiple births were excluded). Additionally, birth records with missing data for birth weight or gestational length, infants weighing less than 500 g or more than 5,000 g, and infants with less than 20 weeks or more than 44 weeks of gestation were also excluded (gestational age: missing data or <20 weeks for 34,250 infants, >44 weeks for 382; birth weight: <500 g for 289 infants, >5,000 g for 492). Records with missing data on traffic density at the maternal residence were excluded (n = 12,826). Births with recorded maternal adverse conditions during pregnancy, such as hypertension (n = 461), diabetes (n = 4,639), or uterine bleeding (n = 517), were excluded. We further restricted the study population to gestational durations between 37 weeks and 44 weeks to capture full-term LBW rather than preterm LBW (30,133 births with gestational ages of 20-36 weeks were excluded). Further description of the excluded subjects and comparison with those included are presented in Web Table 1 . The final study population (n = 237,031) is described in Table 1 . The proportion of LBW infants was higher in women who were under 20 years of age, were of African-American or Asian race, were formerly nonparous (i.e., this was their first birth), and had less education and women whose birth costs were paid by Medi-Cal.
As Table 2 shows, mean traffic densities were higher in Fresno and San Joaquin counties than in Kern and Stanislaus counties. The distribution of covariates across quartiles of exposure to traffic density during pregnancy is shown in Table 3 . The variables that were selected by the D/S/A algorithm in both the outcome (Q) and exposure (g) models are listed in Table 4 . Four of the variables were predictive of both the exposure and the outcome: maternal age >35 years, African-American race, education, and trimester of initiation of prenatal care. Additional variables came into each of the models. Table 5 shows the observed and adjusted results for the association between traffic density and term LBW. The adjusted results are predicted probabilities of term LBW if, contrary to fact, everyone had been exposed to each quartile of traffic density. Women who lived in areas with higher traffic density had higher proportions of term LBW infants than women who lived in areas with less traffic, after control for potential confounders derived from the birth certificates and neighborhood SES. Specifically, if everyone in SAGE lived in an area surrounded by high traffic density on busy roadways (fourth quartile of traffic density) during pregnancy, there would be a 2.27% (95% confidence interval (CI): 2.16, 2.38) probability of term LBW in the population, as compared with the 2.02% (95% CI: 1.90, Table continues 818 Padula et al.
2.12) probability of term LBW had everyone lived on less traveled roads (first quartile). The results showed that the estimated probabilities of LBW were lower in the first and third quartiles and higher in the second and fourth quartiles. The highest quartile of traffic density exposure was associated with significantly higher term LBW in comparison with the lowest quartile; however, the exposureresponse relation was not monotonic (Figure 1 ). Based on these causal attributable risk estimates, if a population intervention could reduce everyone's traffic density exposure during pregnancy to that of the first quartile, the prevalence of LBW among full-term infants would be 2.02% (95% CI: 1.90, 2.12) rather than 2.16%. The traditional model provided an odds ratio of 1.08 (95% CI: 1.00, 1.17) when comparing the highest quartile of traffic density with the lowest, after controlling for all of the same covariates. The results according to quartile are presented in Table 6 .
DISCUSSION
In this study, we identified a specific source of exposure (traffic) and a specific outcome (term LBW) over a large geographic area to examine a specific hypothesis. The T-MLE analysis provided a (targeted) semiparametric estimate of the causal association between traffic exposure a Low socioeconomic status was defined as unemployment greater than 10%, more than 15% of households receiving public assistance, and more than 20% of families living below the federal poverty line at the block-group level in the 2000 US Census. during pregnancy and term LBW. The results did not show a clear exposure-response relation across the quartiles of traffic density; however, there was a significant difference in the predicted probability of LBW between the highest and lowest quartiles of exposure, showing that higher traffic density is associated with increased probability of LBW.
The difference between the T-MLE estimate and the crude observed proportion of term LBW suggests that the analysis adjusted for measured confounding and attenuated the risk difference by a small amount ( Table 5 ). The San Joaquin Valley of California is among the most highly polluted areas in the United States. Future analyses of individual pollutants may provide more information on the relation between background levels of air pollutants and traffic density in the San Joaquin Valley. Most of the previous studies on traffic-related air pollution and birth outcomes have examined the impact of individual exposure to ambient pollutants, including nitrogen dioxide, particulate matter, and carbon monoxide (15) . These investigators have reported associations between individual pollutants and various birth outcomes, but the results have been inconsistent as to which pollutant and which time period are the most critical. Some studies have found associations between various adverse birth outcomes and proximity to highways as a marker of exposure to traffic (20, 29) . In one recent study investigating the relation between traffic density and adverse birth outcomes in Shizuoka, Japan, Kashima et al. (30) found no associations. In an earlier study in Los Angeles County, California, Wilhelm et al. (29) estimated higher odds of term LBW (odds ratio = 1.11, 95% CI: 1.04, 1.18) for persons in the highest quintile of distance-weighted traffic density as compared with those in the lowest quintile, though the exposure-response relation was not consistent. That study is the most comparable to our SAGE study because of its large sample size, its location in California, its use of census block-group SES variables, and the similar methods used for outcome ascertainment and exposure assignment. Some notable differences include the years examined (earlier in Los Angeles, when there was generally more traffic), the location, and the statistical methods.
We restricted the study population to full-term births in order to identify a specific etiologic occurrence; however, term LBW is a rare outcome (approximately 2% of births). Birth weight is an important predictor of infant survival and morbidity (31) . LBW is also an important indicator of future health and may play a role in the development of chronic diseases throughout life (32) . Existing evidence Table continues 820 Padula et al.
links impaired prenatal growth with adult illnesses such as non-insulin-dependent diabetes, hypertension, and coronary heart disease (33) (34) (35) . Gestation constitutes a period of human development in which the fetus is particularly susceptible to toxins contained in air pollution because of the high level of cell proliferation, organ development, and the changing capabilities of fetal metabolism (36, 37) . Air pollution may affect maternal respiratory or cardiovascular health and, in turn, impair uteroplacental and umbilical blood flow and transplacental glucose and oxygen transport-all known to be major determinants of fetal growth (36) . There were some potential limitations in this study. There was measurement error in the exposure assignment due to the uncertainties in traffic volumes and geocoded locations and the basic nature of the traffic density metric. There may have been misclassification of exposure in assigning traffic exposure at the maternal residence to an individual. It is unknown how much time each woman spent at the residence reported on the birth certificate during pregnancy and how that time might have varied during the course of pregnancy and vulnerable periods of fetal development.
Because traffic count data were spatial yet not temporal during the study period, it was not possible to target specific periods of pregnancy; rather, the measure used assumed that the exposure was constant across the entire pregnancy. Therefore, the model did not account for seasonal differences in traffic density or women's activity throughout the year, which may correspond to certain periods of fetal development. For some locations, the density of traffic may have varied by season, which was not accounted for in the 9-month assignments, and seasonal differences in chemical and physical transformations of vehicle exhaust were not a Low socioeconomic status was defined as unemployment greater than 10%, more than 15% of households receiving public assistance, and more than 20% of families living below the federal poverty line at the block-group level in the 2000 US Census.
Traffic Density and Term Low Birth Weight 821 represented in the simple traffic density metric. Although traffic density is an extrapolation of measured traffic activity, it may not represent fully the complex mixture of trafficrelated pollutants contributed by exhaust emissions, brake wear, tire wear, and resuspended road dust.
We were limited to the information that was available on the birth certificate for individual covariates. For example, there was insufficient information on maternal smoking on the birth certificate, which may have changed the results. The prevalence of cigarette smoking among pregnant women in California was 8.7% in 2003 (38) , and the association of maternal smoking with birth weight has been well documented (39) . If smoking were associated with living near heavily trafficked roadways, it is possible that smoking could confound the relation between traffic-related air pollution and term LBW. Additionally, the data on SES may have been insufficient. We were limited to maternal use of Medi-Cal payment for the birth and block-grouplevel data from the 2000 census. The data from the birth certificate files that were used in this study were subject to measurement error, and missing information may have biased our results. Although information on birth weight has been found to be reliable in previous studies (92%-100% in comparison with medical records (40)), information on gestational age is less reliable because of variation in maternal recall of the date of the last menstrual period (40) . Furthermore, gestational age has a greater proportion Year of birth X a Low socioeconomic status was defined as unemployment greater than 10%, more than 15% of households receiving public assistance, and more than 20% of families living below the federal poverty line at the block-group level in the 2000 US Census. of missing information, and data may be falsely assumed to be missing at random. Despite these limitations, the SAGE study population is a large sample with geographic diversity. Most studies of traffic exposure during pregnancy and birth outcomes have included only single metropolitan areas. Although this diversity increases variability and potential confounding, with such a large sample size, this wide geographic area provided us with an opportunity to estimate this relation across a large population with a wider gradient of exposures. Although the association was modest and the outcome is rare, with such a ubiquitous exposure across an entire population, the health impact may be important. Furthermore, this study identified a specific hypothesis regarding the detrimental impact of traffic-related air pollution on fetal growth. If the hypothesis were correct, the implications would go beyond the 2% of infants with term LBW and could apply to all fetuses.
Most previous studies have used only the zip code of the mother's residence and have assigned mothers to a monitoring station within a given distance of the home (4, 41, 42) . Our exposure assignment may have been more precise, because the street address was geocoded. Also, unlike most previous studies, in addition to birth certificate characteristics, the SAGE study included neighborhood SES obtained from US census data (19) (20) (21) .
In this study, we used recently developed semiparametric methods to estimate a causal association. T-MLE provided a marginal ( population-level) estimate of the causal association between traffic exposure and term LBW. T-MLE is doubly robust against model misspecification-that is, the estimator will produce unbiased estimates if either the treatment or the outcome mechanism is modeled correctly. Most importantly, T-MLE accounts for heterogeneity in the individual exposure-response relation by targeting the parameter of interest and assumes no particular model for the regression. As in any observational study, reliance on a parametric model means that any estimate has to be interpreted in the context of a misspecified model, that is, with some bias. This approach allows a highly adaptive machine learning algorithm to fit the data (using cross-validation so as to not overfit) and has a plug-in estimator with all of the finite-sample benefits but still augments the model in a manner optimally suited to estimation of the parameter of interest (26) .
As with all studies, we made an assumption that oftentimes cannot be tested. For example, we assumed that there was no unmeasured confounding. Our estimates assumed that the correct models were selected, and to maximize the probability that this assumption was valid, we used dataadaptive algorithms for modeling to optimize fit and reduce bias. We tested the experimental treatment assignment assumption by plotting the distribution of the log odds of being exposed to each quartile of traffic density across all quartiles of exposure. The plots revealed that there were no violations of the experimental treatment assignment assumption (i.e., the probability of treatment was not 0 or 1 for any observation); therefore, exposure to specific quartiles of traffic density was not deterministic based on the treatment model. The plots demonstrating this test are shown in Web Figure 1 . The results from the traditional logistic regression analysis showed a similar pattern across quartiles; however, the two analyses were estimating different parameters and are not easily comparable.
In conclusion, the results from these analyses suggest that increased prenatal exposure to traffic may be causally associated with increased risk of term LBW. This study used a measure of a mixture of traffic-related air pollutants and estimated a more causal parameter of interest at the population level. In further studies, researchers should replicate this analysis in other populations, investigate the role of traffic-related air pollution in other adverse birth outcomes such as preterm birth, and gather data on additional covariates.
